Food insecurity is associated with high health care expenditures, but the effectiveness of food insecurity interventions on health care costs is unknown.
A mid ever-increasing pressure to control societal health care costs, Americans with lower socioeconomic status consistently have worse health, and, often, higher health care expenditures. [1] [2] [3] While the reasons for this are likely complex, an emerging body of research suggests that food insecurity, or the inability to consistently access nutritious food owing to cost, is one important reason. Conceptually, food insecurity may reduce dietary quality, force trade-offs between food and medical care, increase household stress, and sap cognitive "bandwidth" (the mental resources needed for complex chronic disease management).
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The Supplemental Nutrition Assistance Program (SNAP) is the nation's largest anti-food insecurity program, serving approximately 1 in 7 Americans. 29 SNAP provides a monthly nearcash benefit to participants that supplements household budgets by allowing food purchases, with some restrictions (for example, SNAP cannot be used for alcohol). SNAP eligibility is set federally, but enrollment policies vary by state, and these policies can make it easier or harder to enroll, thus subtly encouraging or discouraging participation. 30, 31 SNAP is proven to reduce both the duration and severity of food insecurity episodes.
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Though SNAP is not a health program, there is growing interest among policy makers and clinicians about whether social programs such as SNAP may offer benefits in the health care sector. For example, the Centers for Medicare & Medicaid Services' Accountable Health Communities intervention program will evaluate whether linking those with food insecurity to resources such as SNAP will affect health care expenditures. 33 The conceptual model of the relationship between food insecurity and health 28 suggests several ways that programs to address food insecurity might reduce health care costs. In the long term, alleviating food insecurity may help reduce the incidence of chronic diet-sensitive conditions such as obesity and diabetes, and thus reduce their attendant effects on morbidity and mortality. In the short term, however, the prevalence of diabetes, obesity, coronary heart disease, and other chronic conditions is much greater than their incidence. Therefore, in the short-term, SNAP is most likely to improve health care expenditures by enhancing disease self-management, for example by off-loading food budgets to make available financial resources that can be spent on medications, reducing stress over subsistence needs, and freeing up cognitive bandwidth. In this study, we sought to determine the relationship between SNAP program participation and health care costs over a 2-year period, accounting for factors that may influence the likelihood of participating in SNAP. We hypothesized that SNAP participation would be associated with lower subsequent health care expenditures.
Methods

Data Source and Study Sample
We used data from the 2011 National Health Interview Survey (NHIS) 34, 35 linked to Medical Expenditure Panel Survey (MEPS) 2012-2013 data. 36 The NHIS is conducted by the National Center for Health Statistics 34 as a nationally representative epidemiologic surveillance survey. Each year, the Agency for Healthcare Research and Quality generates a new cohort of MEPS participants from a subset of previous NHIS participants to gather health care expenditure data over a 2-year period. 36 Trained interviewers conducted the surveys in English or Spanish. 34, 36 Selfreported expenditure data are both verified and supplemented using data from clinicians and payers. All adult (age ≥18 years) NHIS-MEPS participants were eligible for this study. Because SNAP is a means-tested program based on monthly income, which can fluctuate over the year, and similar to prior SNAP studies, 31,37 we included participants as potentially eligible for SNAP if their annual income in the 2011 NHIS was below 200% of the federal poverty threshold for that year. The Human Research Committee at Partners Healthcare exempted this analysis of deidentified data from human participants review.
Key Variables
SNAP Participation
The primary indicator of SNAP participation in this study was the following 2011 NHIS item: "At any time during the last calendar year, did you or any family members living here receive SNAP or food stamp benefits?" Those who responded affirmatively were categorized as participating in SNAP. Owing to limitations in duration of participation data, our analyses did not include duration or amount of benefits received.
Health Care Expenditures
The primary outcome for this study was total health care expenditures over the 2-year MEPS period (2012 through 2013). To aid understanding, we present annualized results in 2015 US dollars (using the Consumer Price Index, available at https: //data.bls.gov:443/cgi-bin/cpicalc.pl). In MEPS, total health care expenditures are the actual amount of money either paid on behalf of the individual by a third party (costs, not charges) or spent by an individual as out-of-pocket costs. 36 
Demographic, Socioeconomic, and Clinical Variables
We considered several factors that could confound the relationship between SNAP participation and health care expenditures. From the NHIS data, we extracted information on age (modeled with both a linear and quadratic term 17 ) gender, race/ ethnicity (non-Hispanic white, non-Hispanic black, Hispanic, and Asian/multiracial/other), household income as a percentage of the federal poverty level, educational attainment (less than high school diploma, high school diploma, greater
Statistical Analysis
We first conducted descriptive statistics. Then we sought to determine the relationship between SNAP participation and subsequent health care expenditures. To do this, we adjusted for the observed covariates listed above. Because health care expenditure data generally contain many observations without any expenditures, but also observations with very high expenditures, we followed the approach proposed by Manning and Mullahy 41 to determine the appropriate functional form for regression analysis, using a modified Park test. This led to selecting generalized linear regression with a gamma distribution and log link. For these analyses, we used the survey strata and sampling weights for NHIS-MEPS. While standard regression can adjust for measured confounders, there may be unobserved characteristics that affect SNAP participation and health care expenditures. As a sensitivity analysis to address potential confounding by unrecorded factors, we used a technique called near/far matching (unpublished data, J.R., Michael Baiocchi, PhD, and S.B.; August 2017).
42,43 A more detailed description of this approach is contained in the eAppendix in the Supplement, but in general, near/far matching can be thought of as filtering a cohort to find its most informative pairs-those who are very similar on measured characteristics (near) but are dissimilar (far) on the values of an instrumental variable (IV). An IV is one that, in some way, allocates treatment independently of the likelihood of experiencing the outcome, and thus is analogous to a randomized clinical trial. Finally, as an alternative to the IVbased analysis, we conducted an analysis using augmented inverse probability weighting (AIPW) (see the eAppendix in the Supplement for more detail).
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For interpretation, we expressed results as the difference in US dollars spent per year, using the postestimation predictive margins command in Stata. To investigate factors that may confound the relationship between SNAP participation and health care expenditures, we created nested models to examine changes in the association seen by adjusting for different factors. To help understand policy implications of changing SNAP enrollment, we also evaluated the difference in expenditures between SNAP participation and nonparticipation for 2 groups who receive special emphasis in state budgets: those who are disabled and those who receive non-Medicare public health insurance, such as Medicaid. To determine whether there was support for our conceptual model, which posited that the short-term effects of SNAP participation would result from making illnesses easier to manage, we examined marginal predicted differences in health care expenditures for hypertension and coronary heart disease. These are 2 conditions where SNAP participation is particularly likely to affect management through dietary modification and making resources available for medications. We expected that differences between those who did and did not participate in SNAP would be greater for these conditions. A 2-tailed P < .05 indicated statistical significance. Analyses were conducted in SAS, version 9.4 (SAS Institute Inc), Stata, version 14.0 (StataCorp LLC), and in R, version 3.3.1 (https: //cran.r-project.org/), using the packages "nearfar" (https: //cran.r-project.org/web/packages/nearfar/index.html) and "forestplot" (https://cran.r-project.org/web/packages /forestplot/forestplot.pdf).
Results
There were 4447 patients who met inclusion criteria (age >18 years, income <200% of federal poverty level, and information on SNAP participation) ( Figure 1) . Overall, as supported by the data reported in Table 1 , there were significant demographic differences between those who did and did not report SNAP participation, with SNAP participants generally being younger, more likely to be a racial/ethnic minority, and poorer.
In analyses adjusted only for age and gender, and likely still confounded by sociodemographics and selection issues, the annual mean expenditures for those who reported SNAP participation was $4628, compared with $4594 among those who did not report participation (difference, $34; 95% CI, −$1097 to $1165; P = .95) ( Table 2) . In generalized linear regression analyses adjusted for observed factors, SNAP participation was associated with a significant decrease in estimated expenditures: −$1409 per year in those who did, vs did not, report SNAP participation (95% CI, −$2694 to −$125; P = .03). The full model is detailed in eTable 3 in the Supplement. In sensitivity analyses, the results from both the near/far matching and AIPW techniques were qualitatively similar to the results from the generalized linear model, and both analyses found statistically significant differences in favor of SNAP (eTables 2-7 in the Supplement). Figure 2 presents a comparison of the effect estimates from the different analytic strategies.
We next looked at differences by subgroup. By conducting a series of nested models, we found that age, insurance, disability, and comorbidity were likely important confounders of the relationship between SNAP participation and health care expenditures (eFigure 1 in the Supplement). In specific subgroups, estimated differences in health care expenditures between those who did and did not participate in SNAP were notably large in those who receive non-Medicare public health insurance such as Medicaid (−$2544; 95% CI, −5032 to −$56), those who are disabled (−$3958; 95% CI, −$7796 to −$107), those with hypertension (−$2654; 95% CI, −$5104 to −$205), and those with coronary heart disease (−$4109; 95% CI, −$7971 to −$247) ( Figure 3 ).
Discussion
In this study of NHIS-MEPS data from 2011 through 2013, we found that SNAP participation was associated with approximately $1400 per year per person lower subsequent health care The results of this study have several policy indications. Prioritizing ways to make it easier for eligible Americans to enroll in SNAP is likely to be a feasible way to help reduce health care costs. This may be of particular interest to states because of differences in the funding source between SNAP and health care costs. As an entitlement program, SNAP benefits are paid for by the federal government, while Medicaid, which would likely see some of the savings if health care Note that the estimands are slightly different across the methods: the fully adjusted regression estimates an effect conditional on the covariates; augmented inverse probability weighting (AIPW) estimates average treatment effect (ie, the effect of enrolling in SNAP for the entire population of adults with income <200% federal poverty level); and near/far instrumental variable analysis estimates local average treatment effect (ie, the effect in the marginal case where the instrument made the difference in receipt of SNAP benefits). a Fully adjusted regression estimates from generalized linear model with gamma distribution and log link, incorporating survey design information, and adjusted for age, age squared, gender, race/ethnicity, region, rurality, insurance, education, income, disability, comorbidity, and death during study period. Full model can be found in the eAppendix in the Supplement.
costs are reduced, is paid for jointly by states and the federal government. 49 Therefore, state policies regarding SNAP enrollment may help off-load state Medicaid budgets.
Though not directly addressed here, the study's findings also have implications for ongoing discussions about modifying SNAP, including eligibility restrictions, funding structure, and changes in benefit levels. Although this study focused on health care expenditures, SNAP is a food insecurity and nutrition program, not a health care program. SNAP's purpose is not to reduce health care expenditures, and we are of the opinion that its funding justification does not depend on affecting health care costs.
This study helps answer whether SNAP is associated with short-term changes in health care expenditures. Nevertheless, several questions remain unanswered, and represent promising directions for future work. Examining the trajectory of expenditures in the period before and after SNAP enrollment would add important detail to our understanding of SNAP effects. It is also important to develop a deeper understanding of the mechanism by which SNAP, and other food insecurity assistance programs, could lead to changes in health and health care expenditures. It is important to evaluate whether there is a "dose-response" relationship between duration of SNAP participation and expenditures, whether effects persist over longer periods of time, and whether longer evaluation periods can detect clinical changes, such as reduced incidence of diabetes or cardiovascular events. Finally, determining the health status of those who are eligible, but not enrolled in SNAP, will help determine what population-level effect expanded SNAP enrollment would be likely to have.
Limitations
The results of this study should be interpreted in light of several limitations. The data source did not have sufficient incident SNAP participants to permit a comparison of expenditures before and after SNAP enrollment or to allow for a difference-in-differences design. SNAP assessment occurred at a single point in time. Since low-income households often cycle on and off SNAP, this may have resulted in misclassification, either for those who later participated in SNAP, or, given lack of data on participation length, those who were only enrolled for a very brief period. Other sources of misclassification could include lack of information on eligibility criteria other than income (such as immigration status or assets), not reporting SNAP participation owing to stigma, or, for participants in California where SNAP is combined with Supplemental Security Income payments, not recognizing the source of their benefits. These types of misclassification would likely bias estimates to the null.
The methods used as sensitivity analyses have important limitations that are worth noting. While standard tests of the instruments we used were consistent with their validity, ultimately IV approaches rely on assumptions that cannot be empirically tested. The generalizability of the findings in the near/far analysis may have been limited because we were unable to incorporate survey design information into these analyses. However, since the matching process breaks the geographical link this may not be a significant issue. Though the estimates across the methods are qualitatively similar, the quantity estimated by the IV analysis is different from the standard regression analysis. The IV analyses do not estimate population-level effects 50 but rather a local average treatment effect, or the change in outcome in those for whom the instrument made the difference in receipt of SNAP. Finally, the AIPW analyses are statistically less efficient than the maximum likelihood estimates from the standard regression. These limitations are, however, balanced by key strengths: the data are longitudinal, and the MEPS assessment of health care expenditures follows a rigorous methodology to capture both out-of-pocket and third-party expenditures.
Conclusions
Across several analytic approaches, including an IV approach that accounts for unmeasured confounding, SNAP participation was associated with lower subsequent health care expenditures for low-income adults. Helping to address food insecurity by making SNAP enrollment easier may be an important way to contain health care costs for vulnerable Americans. 
eAppendix: Technical Appendix and Sensitivity Analyses
Near/Far Matching A major concern in evaluating the effect of SNAP participation on healthcare expenditures is selection bias-those who choose to enroll in SNAP may be different from similarly eligible individuals who do not. Some of that difference is likely due to observable factors such as age, income, health insurance, and illness, but other factors that drive enrollment may remain unobserved. To address selection bias, we used an instrumental variable approach called near/far matching. 1 3 Instrumental variable analysis uses instruments to help overcome issues of selection bias related unobservable factors. A suitable instrument is one that a) influences receipt of the treatment, and b) where all causal pathways between the instrument and the outcome, other than through the treatment of interest, can be blocked or do not exist. In other words, an instrument should, conditional on observable factors, affect the outcome only by influencing the receipt of the treatment. This functions analogously to treatment allocation in a randomized clinical trial. In this study, our instruments were policy variables that make it easier or harder to enroll in SNAP when one is eligible. While SNAP eligibility is broadly similar at a national level, SNAP is administered by each state, and differences in state policy, such as the presence of an online application, or the requirement to provide fingerprints when enrolling, can influence the ease of SNAP enrollment. In this sense, these instruments serve as 'nudges', or forms of 'encouragement' or 'discouragement', that may help or hinder an eligible individual considering applying for SNAP. Because state level variation in how easy or hard it is to sign up for SNAP should influence whether one signs up for SNAP, but should not otherwise be related to healthcare expenditures, conditional on observable features about the states and individuals, these policy variations are theoretically justified instruments. These policies were abstracted from the SNAP policy database 4 and in effect over the 2011 NHIS survey recall period. The policies used were 1)an option for online submission of a SNAP application, 2)presence of a broad based categorical eligibility policy (which extends SNAP eligibility to those eligible for other assistance programs, such as Supplemental Security Income (SSI)), and 3) whether the state uses simplified reporting requirements for households with earnings (which reduces the burden of qualification paperwork). 4 Further, these instruments have been used and validated in prior studies of SNAP. 5, 6 The 'near/far' matching type of instrumental variable analysis combines elements of nearest neighbor matching and traditional instrumental variable techniques. Using a probabilistic simulated annealing algorithm 7 that finds the optimal nonbipartite match 8 , and prior to examining the outcome, study participants are matched, using the Mahalanobis distance of the vector of their covariates, to be as similar as possible ('near') on observable characteristics that may influence the outcome, but as dissimilar as possible ('far') on the values of the instrument. 3 This essentially filters a cohort to reveal its most informative pairs-those who are sociodemographically and clinically as similar as possible, but who differ on whether they were 'encouraged' or 'discouraged' to enroll in SNAP. This design uses differences in receipt of 'encouragement' to enroll in SNAP to yield an effect estimate for SNAP receipt that is not confounded by unmeasured factors which influence both SNAP receipt and healthcare expenditures, and thus mirrors a matched pairs randomized clinical trial.
To test the instrumental variables, we examined their association with SNAP receipt in a logistic regression model and checked they were not correlated with other state level factors that may affect the outcome, such as per beneficiary Medicaid expenditures 9 or state Temporary Aid to Needy Families benefit generosity. 10 We conducted Sargan and Basmann tests of overidentifying restrictions, which test whether the residuals in the first stage model are correlated with the instruments (they should be uncorrelated to be valid instruments). Because weak instruments can lead to biased effect estimates, we also evaluated the first stage statistic of the instruments, using a cut off > 13 to indicate a sufficiently strong instrument. Finally, we conducted the Durbin Wu Hausman test for endogeneity, to determine whether instrumental variable methods were truly needed. To examine the precision of the match, we evaluated absolute standardized differences between the means of the covariates in those 'encouraged' vs. 'discouraged' to enroll in SNAP. An absolute standardized difference > 0.2 represented a concerning imbalance in matching.
Tests of instrumental variable assumptions
For our instrumental variable (IV), an index of SNAP policies in place in a given state as of 1/1/2010 (i.e. in place at the beginning of the lookback period regarding SNAP receipt in 2011 NHIS), weighted by their partial f statistic from a model predicting SNAP receipt, we conducted several tests of the instrumental variable assumptions, summarized in the table below. Because our IV used state level SNAP policy information, we wanted to examine other state level factors that may be correlated with the IV, to lend confidence to the assumption that the IV is associated with the outcome only through receipt of SNAP (we also adjusted for state level fixed effects in both stages of the IV analysis to account for this as well). We first calculated an intraclass correlation (ICC) between individual level healthcare expenditures and the states those individuals lived in. This revealed that that state of residence, apart from individual level factors like health insurance or SNAP receipt, explained little variation in healthcare expendituresonly 0.6% (95% confidence interval 0.3% to 1.2%). We next examined whether the IV was correlated with state level Medicaid spending per beneficiary, using Medicaid expenditure data from the Kaiser Family Foundation, or maximum Temporary Aid for Needy Families (TANF) benefit for a single parent caring for 2 children, an indicator of state TANF generosity. Unlike SNAP where benefits are set at the federal level, states have broad leeway in setting TANF levels, and so this can indicate the 'generosity' of TANF, and potentially other, social service programs in the state. Using Spearman correlations, the IV was weakly and not statistically significantly correlated with these factors, giving confidence in the idea that the IV operated through SNAP receipt and not other state level factors.
Next, we conducted tests of the instrument itself, assessing whether it was associated with receipt of SNAP in a logistic regression model that included the other covariates adjusted for in our main analysis and accounted for the survey design information. We also assessed the first stage partial deviance statistic, both before and after the 'near/far' match, in order to determine the strength of the instrument (< 13 would indicate an instrument too weak to use). We also used overidentification tests to help assess the validity of the instruments (for this test, higher p values are better, with p <0.05 indicating potentially invalid instruments). The instrument met all these tests.
Finally, we calculated tests of endogeneity, which indicate whether IV analysis is truly needed, although, owing to questions regarding the power of these tests, some experts recommend proceeding with IV analysis even if the endogeneity tests do not suggest the need for IV analysis (which could be interpreted as a false negative situation). For these tests, a p value < 0.05 generally indicates a 'positive' result, i.e., that IV analysis is needed. Interestingly, the endogeneity tests indicated that IV methods may not be needed, which suggests the 'standard' regression model may have adequately accounted for confounding on its own.
Statistical analysis
In addition to variables used in the standard regression, the near/far analysis included information on per enrollee state healthcare expenditures in the year prior to MEPS
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, to help account for other state level factors that would be reflected in participants' healthcare expenditures. After creation of the matched cohort, we performed an instrumental variable analysis using the two stage residual inclusion (2SRI) approach 12, 13 , adjusting for covariates, with a logit model to estimate SNAP receipt, a gamma regression model to estimate expenditures, and bias corrected bootstrapped confidence intervals (500 replications). The near/far analysis was conducted on those residing in the 29 most populous states, as AHRQ does not release state level codes for the other states owing to privacy concerns (eTable 3 for list of included states). Survey design information could not be incorporated into the near/far analysis
Summary of Near/Far Analysis Results
For the near/far matching analysis, our instrument was strongly associated with participation in SNAP, and passed tests of overidentifying restrictions. Interestingly, endogeneity tests suggested that instrumental variable methods may not have been needed (p=0.72). The near/far match resulted in 3676 participants who comprised 1838 matched pairs (Figure 1) , and the instrument was strong (first stage partial deviance statistic: 42.5) (eTable 2). Analyses using the 2SRI method, adjusted for the same factors as the standard regression, and state spending, demonstrated lower expenditures for SNAP receipt ( $5,160 per year; 95% CI $6,924 to $438) (full model in eTable 5).
Augmented Inverse Probability Weighting
As an alternative to the instrumental variable based analysis, we conducted an analysis using augmented inverse probability weighting (AIPW) (see Technical Appendix for more detail). a 'doubly robust' technique to mitigate selection bias by estimating the likelihood of receiving SNAP and then using response weights to achieve balance in measured covariates between the group that did and did not receive SNAP.
14 This approach does not rely on instrumental variable assumptions, but may not be able to achieve balance on unmeasured confounders. To justify this approach, we examined post weighting balance between covariates and conducted tests of overidentifying restrictions, which are tests of covariate balance between the treated and untreated groups. 15 We again calculated replication based confidence intervals (bias corrected confidence intervals using 500 bootstrap replications). Survey design information could not be incorporated into the AIPW analysis.
Summary of AIPW Results
AIPW analyses, conducted on the entire cohort, successfully balanced observed factors (eTable 6), and passed tests of overidentifying restrictions. The AIPW analysis estimated the average treatment effect of SNAP enrollment to be $931 (95% CI $2,026 to $152) (full model in eTable 7), again representing lower yearly expenditures with SNAP participation. n/a = not directly calculated due to 'dummy' coding categorical variables for the matching process *The National Health Interview Survey arranges income in ordinal categorizes, corresponding to percentage of federally poverty level. Category 3 corresponds to income between 75 and 99% of the federal poverty level, and category 4 corresponds to income 100% to 124% of the federal poverty level. Therefore the mean post match income was a little less than 100% of the federal poverty level in both groups. Regression parameters in gamma regression models can be exponentiated to give the ratio between the mean of the outcome in the group of interest divided by the mean of the outcome in the control group. To aid interpretation, we then used the predicted margins command to convert this to a 2 year total cost difference, and then annualized the estimate by dividing in half. Because the predictive margins command uses a delta method standard error, and we thought the bias corrected bootstrap method would give more accurate results in this case, the 95% Confidence Intervals for the predictive margins were calculated by taking the mean of the reference level (in this case, no SNAP), and multiplying it by the exponentiated form of the lower and upper bounds of the 95% confidence interval 
